ABSTRACT A recurrent artificial neural network was used for 0-and 7-days-ahead forecasting of daily spring phytoplankton bloom dynamics in Xiangxi Bay of Three-Gorges Reservoir with meteorological, hydrological, and limnological parameters as input variables. Daily data from the depth of 0.5 m was used to train the model, and data from the depth of 2.0 m was used to validate the calibrated model. The trained model achieved reasonable accuracy in predicting the daily dynamics of chlorophyll a both in 0-and 7-days-ahead forecasting. In 0-day-ahead forecasting, the R~ values of observed and predicted data were 0.85 for training and 0.89 for validating. In 7-days-ahead forecasting, the R~ values of training and validating were 0.68 and 0.66, respectively. Sensitivity analysis indicated that most ecological relationships between chlorophyll a and input environmental variables in 0-and 7-days-ahead models were reasonable. In the 0-day model, Secchi depth, water temperature, and dissolved silicate were the most important factors influencing the daily dynamics of chlorophyll a. And in 7-days-ahead predicting model, chlorophyll a was sensitive to most environmental variables except water level, DO, and NH3N.
INTRODUCTION
Since construction of the Three-Gorges Reservoir (TGR) in Hubei Province of China, current velocity of this section of the Yangtze River was reduced dramatically and an abundance of nutrients was carried into arms of the TGR. The reservoir is now facing a serious eutrophication problem. Phytoplankton blooms have been observed in the many tributary bays since the first spring after the impoundment , Ye et al. 2007 ).
In the past several decades, the general relationships between phytoplankton and environmental conditions have been extensively studied (O'brien 1972 (O'brien , Holmes et al. 1973 . However, the causality and dynamics of algal blooms are extremely complicated and not well understood, and the prediction of algal bloom dynamics remains a difficult problem (Lee and Lee 1995, Lee et al. 2003) . Recent studies have shown that artificial neural networks (ANNs) appear to be promising tools for algal bloom dynamic forecasting (Recknagel 1997 .
ANN is a type of data-driven inductive models inspired by the functioning of the nervous system. Since the beginning of the 1990s, there have been some successful applications of ANNs in ecological modeling (Teles and Vasconcelos 2006) . Recknagel et al. (1997) applied ANNs to model phytoplankton dynamics in some lakes of the world. Velo-Suarez and Gutierrez-Estrada (2007) used ANNs to predict the dynamics of Dinophysis acuminata in Spanish coastal waters. In this study, we used ANN to model and predict the daily dynamics of chlorophyll a in Xiangxi Bay of the TGR during a spring phytoplankton bloom period. The main aim was to develop an early warning model for phytoplankton bloom forecasting by using field monitoring data.
METHODS and MATERIALS

Sampling site and data
Xiangxi Bay, which had been the former Xiangxi River prior to the construction of the TGR, is located in northwestern Hubei Province. The field work was carried out daily at a site about 5 km upstream from the mouth of the bay from February 23 to April 28 in 2005. The water samples were collected, preserved, and analyzed according to standard methods, and details of these analyses can be found in a previous paper . The concentrations of nitrite-nitrogen and nitrate-nitrogen, analyzed by the cadmiumcopper column reduction method, are together considered nitrate-nitrogen in this study. The daily meteorological data and inflow data were provided by local meteorological and hydrological stations. Water level data was acquired from the China Three-Gorges Project Corporation (http://www.ctgpc.com.cn/sx/sqsk.php). The meteorological data (precipitation, sunshine duration), hydrological data (inflow, water level), physical data (water temperature, Secchi depth), and chemical data (pH, DO, NH3N, N03N, P04P, and SiOz) were used to forecast the dynamics of chlorophyll a by means of a recurrent artificial neural network (RANN). Missing data in some daily monitoring periods caused by bad weather were linearly interpolated. The input data and output data were converted to values between 0 and 1 . O because of different orders of magnitude of the original data.
ArtiJicial neural network
The RANN was used to model the dynamics of chlorophyll a in the Xiangxi Bay during a spring phytoplankton bloom with 0-and 7-days-ahead external inputs (Fig. 1) . This approach had been successful for predicting time-series dynamics in some aquatic ecosystems (Jeong et al. 2001 , Walter et al. 2001 ). The RANN is a type of the neural network with a feedback from the hidden layer or the output layer as the recurrent nodes to the input layer (Pineda 1987 , Elman 1990 , Seker et al. 2003 . Therefore, this neural network can memorize some past states so that the output of the network depends on an aggregate of previous states and the current inputs. In this study, the data from the surface layer (0.5 m) were used for training the RANN and the data from a depth of 2.0 m were used for validating. The numbers of neurons in the hidden layers were varied from 2 to 15 to find the best architecture of the RANN. The hyperbolic tangent function was selected in the hidden layer and the sigmoid transfer fbnction was used in the output layer. The initial weight in all layers and the learning rate were set to 0.01. The strength of the relationship between the output variables and each of the input variables were then determined with the aid of sensitivity analysis. According to the work of Jeong's (2006) , *1 standard deviation (SD) represents common variation in ecosystems. Therefore, the inputs of recurrent artificial neural network were disturbed by *I SD for the sensitivity analysis in this study.
RESULTS
Environmental variables and chlorophyll a dynamics
The basic statistics of environmental variables and chlorophyll a in Xiangxi Bay during the spring phytoplankton bloom period are presented in Table 1 . The concentration of chlorophyll a ranged from 1.65 to 101.04 pg/L at the depth of 0.5 m and 0.73 to 90.24 pg/L at the depth of 2.0 m.
Neural network architecture and predictability
The number of neurons in the hidden layer was set to 5 based on the minimum mean square error between the observed data and the predicted data in different tests. Both Oand 7-days-ahead forecasting RANNs were trained with the data from the surface layer (0.5 m) and then validated with the field data at 2.0 m. A comparison between the measured and predicted data found that the RANN achieved reasonable accuracy in predicting the timing and magnitudes of chlorophyll a with the 0-day-ahead model (Fig. 2) . In 7-days-ahead forecasting, the RANN also achieved a successful forecast for the timing of the first and the second peak of chlorophyll a (Fig. 3) . However, the prediction of the first peak was a little underestimated. The regression analysis showed the R~ values of the observed and forecasted data in the 0-day-ahead forecasting were 0.85 for the training data and 0.89 for the validating data. The R~ values of the observed and forecasted data in the 7-daysahead forecasting were 0.68 for the training data and 0.66 for the validating data.
In the sensitivity analysis, the input variables were varied from mean -SD to mean + SD one by one to find the variables most influential to the daily dynamics of chlorophyll a in the trained model. Chlorophyll a responded to changes of Secchi depth, water temperature, and dissolved silicate in the 0-day-ahead predicting model (Fig. 4) .
The relationship between chlorophyll a and environmental factors was more complicated in the 7-days-ahead forecasting. Almost all environmental variables played roles in the dynamics of the phytoplankton bloom except water level, DO, and NH3N (Fig. 5 ).
DISCUSSION
The relationships between biological and environmental variables in ecosystems are almost always very complex and highly non-linear (Gevrey et al. 2003) . Many mathematical and computational techniques have been applied to elucidate and predict the dynamics of ecosystem and the driving forces (Jorgensen and Nielsen 1994 , Straskraba 1994 . Most phytoplankton bloom forecasting work has been based on weekly or biweekly (Jeong et al. 2001 , Lee et al. 2003 , or even monthly data (Hou et al. 2004) . Forecasting based on daily observation is seldom reported. Our observations indicate that phytoplankton dynamics show high daily variability during the bloom period, and the RANN is a suitable computational technique for daily phytoplankton bloom forecasting. The major shortcoming of ANNs is the difficulty of interpreting relationship between input and output variables because it is a "black-box" model. Although several sensitivity analysis methods have been developed to interpret the impacts of input variables on the output of artificial neural networks (Recknagel 1997 , Jeong et al. 200 1, Martines et al. 2001 , Gevrey et al. 2006 , there still are some problems because the ANN is not a process-based model. According to the results of sensitivity analysis in this study, we found that not all explanations of ecological relationships between chlorophyll a and input variables were reasonable. Hydrological and meteorological characteristics such as rainfall and inflow were not sensitive to the changes of chlorophyll a in 0-day-ahead model. This can be easily accepted because rainfall is not converted to the river water in the short term. However, in 7-days-ahead model, the increase of rainfall and inflow resulted opposite effects on daily dynamics of chlorophyll a. This seems incongruous because an increase in rainfall will cause an increase in inflow.
Water temperature had a negative relationship with chlorophyll a in both 0-and 7-days-ahead models. According to related study, diatoms were the predominant species in Xiangxi Bay during the spring bloom period (Ye 2006) . Diatoms are more competitive than other phytoplankton in cold water and can form blooms in winter or spring (Ha et al. 2002 , Kim et al. 2007 , Lee 2008 . Then when water temperature increases, diatoms will lose their dominance and are replaced by other phytoplankton (Domingues et al. 2005 , Ostojic et al. 2005 . The sensitivity analysis of water temperature for 0-and 7-days-ahead models demonstrated this negative relationship. Secchi depth was also negatively correlated to 0-and 7-days-ahead models. This may be a reflection that light penetration in this time is a hnction of the abundance of phytoplankton. Historically, phosphorus has been considered the primary nutrient limiting the growth of phytoplankton in freshwater ecosystems (Schindler 1977, Hecky and Kilham 1988) . However, we found that dissolved silicate was the most sensitive nutrient variable for chlorophyll a in Xiangxi Bay during the spring phytoplankton bloom period both in 0-and 7-days-ahead models with a negative relationship. Dissolved silicate is an important element for diatoms, and an increase of silica normally leads high growth of diatoms (Turner et al. 1998 ). According to field observations, the lowest concentration of dissolved silicate was in the region with the most serious phytoplankton blooms in Xiangxi Bay (Ye et al. 2007 ). The statistical analysis also found a significant negative correlation between dissolved silicate and chlorophyll a in this period . The sensitivity analysis indicated that the trained RANN could recognize the importance of dissolved silicate to the dynamics of the spring phytoplankton bloom. ~owevkr, this model only captured the statistical relationship between dissolved silicate and chlorophyll a rather than real ecological relationship.
-. Input Kangr (%) Figure 5 . Sensitivity analysis of the 7-days-ahead forecasting model with variations from Mean -SD to Mean + SD. A= precipitation, B= sunshine duration, C= inflow, D= water level, E= water temperature, F= Secchi depth, G= pH, H= DO, I=NH3N, J=N03N, K= P04P, L=Si02.
